Assembling the FHS Social Network Dataset
Here, we describe the source data we work with and the new network linkage data we have appended to it.
The Framingham Heart Study is a population-based, longitudinal, observational cohort study that was initiated in 1948 to prospectively investigate risk factors for cardiovascular disease. Since then, it has come to be composed of four separate but related cohort populations: (1) the "Original Cohort" enrolled in 1948 (N=5,209); (2) the "Offspring Cohort" (the children of the Original Cohort and spouses of the children) enrolled in 1971 (N=5,124); (3) the "Omni Cohort" enrolled in 1994 (N=508); and (4) the "Generation 3 Cohort" (the grandchildren of the Original Cohort) enrolled beginning in 2002 (N=4,095). The Original Cohort actually captured the majority of the adult residents of Framingham in 1948, and there was little refusal to participate. The Offspring Cohort included the great majority of the living offspring of the Original Cohort in 1971. The supplementary, multiethnic Omni Cohort was initiated to reflect the increased diversity in Framingham since the inception of the Original Cohort; 508 participants, of whom 33% were Black, 49% Hispanic, and 18% Asian, attended the first Omni exam between 1994 and 1998 (only a small number of subjects from the Omni cohort appear in our network, as alters). For the Generation 3 Cohort, Offspring Cohort participants were asked to identify all their children and the children's spouses, and 4,095 subjects were enrolled beginning in 2002. Published reports provide details about sample composition and study design for all these cohorts. [1] [2] [3] Continuous surveillance and serial examinations of these cohorts provide longitudinal data. All of the participants are personally examined by FHS physicians (or, for the small minority for whom this is not possible, evaluated by telephone) and watched continuously for outcomes. The Offspring study has collected information on health events and risk factors roughly every four years for over 30 years. The Original Cohort has data available for roughly every two years for 60 years. Importantly, even subjects who leave the town of Framingham remain in the study and, remarkably, come back every few years to be examined and to complete survey forms; that is, there is no necessary loss to follow-up due to out-migration in this dataset, and very little loss to follow-up for any reason (e.g., only 10 cases out of 5,124 in the Offspring Cohort have been lost).
For the purposes of the analyses reported here, exam waves for the Original cohort were aligned with those of the Offspring cohort, so that all subjects were treated as having been examined at just seven waves (in the same time windows as the Offspring, as noted in Table S1 ).
The Offspring Cohort is the key cohort of interest here, and it is our source of "egos" (the focal individuals in our network). However, individuals to whom these egos are linkedin any of the four cohorts -are also included in the network. That is, whereas egos will come only from the Offspring Cohort, alters are drawn from the entire set of FHS cohorts (including also the Offspring Cohort itself). Hence, the total number of individuals in the FHS social network is 12,067, since alters identified in the Original, Generation 3, and Omni Cohorts are also included, so long as they were alive in 1971 or later.
The physical, laboratory, and survey examinations of the FHS participants provide a wide array of data. At each evaluation, subjects complete a battery of questionnaires (e.g., tobacco use), a physician-administered medical history (including review of symptoms and hospitalizations), a physical examination administered by physicians on-site at the FHS facility (including technician-measured height, weight, and anthropometry), a large variety of blood and urine tests, and an EKG. Additional examinations are also performed periodically, including echocardiography, exercise stress tests, pulmonary function tests, etc.. Table S1 provides information about the participation rates for each exam/survey wave. Given the size of the sample and the need to physically examine each participant at each survey wave, participants are examined on a rolling basis during windows of time, as indicated. Participant compliance with examinations is excellent, with each wave having a participation rate of about 80%.
Data collection and subject follow-up procedures at the FHS are superb. For example, the quality assurance protocol for physician examiners includes initial certification and annual retraining. Hospital and nursing home records and outside physician office records are routinely sought for all cardiovascular, fracture, and cancer events, and for all deaths. In addition, FHS personnel survey the only hospital in town daily for participant emergency visits and hospitalizations. The medical records staff at FHS also characterize all hospitalizations outside of Framingham and all deaths of FHS participants. All hospital records are requested, as well as copies of death certificates. To ascertain the network ties, we computerized information from archived, handwritten documents that had not previously been used for research purposes, namely, the administrative tracking sheets used and archived by the FHS since 1971 by personnel responsible for calling participants in order to arrange their periodic health exams. These tracking sheets were used as a way optimizing participant follow-up, by asking participants to identify people close to them. But they also implicitly contain valuable social network information. These sheets record the answers when all 5,124 of the egos were asked to comprehensively identify friends, neighbors (based on address), coworkers (based on place of employment), and relatives who might be in a position to know where the egos would be in two to four years. The key fact here that makes these administrative records so valuable for social network research is that, given the compact nature of the Framingham population in the period from 1971 to 2007, many (though not all -see below) of the nominated contacts were themselves also participants of one or another FHS cohort.
We have used these tracking sheets to develop network links for FHS Offspring participants to other participants in any of the four FHS cohorts. Thus, for example, it is possible to know which participants have a relationship (e.g., spouse, sibling, friend, coworker, neighbor) with other participants. Of note, each link between two people might be identified by either party identifying the other; this observation is most relevant to the "friend" link, as we can make this link either when A nominates B as a friend, or when B nominates A (and, as discussed below, this directionality might also be substantively interesting). People in any of the FHS cohorts may marry or befriend or live next to each other.
Finally, complete records of participants' and their contacts' addresses since 1971 are available. We have exploited this information as well, using address mapping technologies. Because of the high quality of addresses in the FHS data, the compact nature of Framingham, and the wealth of information available about each subject's residential history, we have been able to correctly assign addresses to virtually all subjects. We can thus (1) determine who is whose neighbor, and (2) compute distances between individuals. [4] 
Smoking Trend in the FHS-Net
Smoking prevalence in the FHS cohorts mirrored national trends; for example, among those aged 40-49 at each wave, the prevalence of smoking declined from 65.9% to 22.3% over the study period. Among all participants, smoking declined from 52.0% to 12.6%.
Figure S1. Smoking Incidence in the Framingham Heart Study

Geographic Location of FHS-Net Egos
While the sample was concentrated in Framingham in nearby towns at inception, it was not restricted to those locations, it spread out across time, and it was tracked by us wherever subjects moved at each wave. Figure S2 shows locations within Massachusetts counties and US states, at waves 1 and 7, for the FHS Offspring participants (the network egos).
Figure S2: Geographic Location of Network Egos
Description of Ego and Alter Distributions
The Framingham Heart Study has an excellent reputation for follow-up. Participation among our set of egos in the offspring cohort is typically high, with 76% for Exam 2,  78% for Exam 3, 82% for Exam 4, 79% for Exam 5, 76% for Exam 6, and 79% for  Exam 7 . However, not all alters appear in the data because many of them were not members of any FHS cohort, as described above. Since our network is not fully observed, we present some analyses that detail the extent to which we are able to observe various kinds of relationships and how missingness in the data is related to attributes that we can observe. The issue of incomplete observation of networks is receiving increased methodological attention among statisticians at present.
[5] Table S2 shows the total number of alter relationships identified by type and the percent of those relationships that connected to another individual in the FHS. Spouses  4194  4319  4082  3932  3721  3489  3268  Brothers  6902  6672  6421  6168  5817  5449  5153  Sisters  6824  6641  6444  6221  5957  5612  5362  Friends  4620  5631  5924  6147  5479  4953 4478 Spouses  86  86  83  80  78  76  75  Brothers  61  61  61  61  60  60  60  Sisters  64  63  63  63  63  62  62  Friends  26  23  24  23  23  23  23 In Table S2 above, some of the numbers exceed 5,124 since people can have more than one alter of the specified type in a given wave. It is also important to note that friends and family members may change over time by choice or due to birth and death, so an ego who has a friend who is not in the FHS at exam 1 may have a new friend at exam 2 who is a participant in the FHS. As a result, the fraction of egos who have at least one friend in the FHS at any exam is higher (45%) than the fractions shown above for each particular exam.
Percent of Observed Alters Who Are Also in FHS
One possible concern about our results is that smokers may attach with greater frequency to individuals outside the FHS, meaning our observation that they are less-well connected is an artifact of missingness in the network. However, Table S3 shows that incidences between smokers and nonsmokers are quite similar, and in some cases the opposite is true -smokers are slightly more likely to have alters who participate in the FHS. siblings (except for the slight difference in gender among all three types), but we find an association between ego and alter smoking for all three types of alters. This suggests that the small differences between egos with missing and observed alters are not driving the main finding that friends, siblings, and spouses all significantly influence ego's smoking behavior.
We were also interested more generally in the extent to which egos and alters were being drawn from a similar population. In Table S5 we compare friends, siblings, and spouses. The main difference here is that egos tend to be slightly younger among friends and spouses and slightly older among siblings. Once again, notice that the differences lean in different directions for friends and spouses versus siblings, but we find an association between ego and alter smoking for all three types of alters. This suggests that the small differences between egos and alters are not driving the main finding that friends, siblings, and spouses all significantly influence ego's smoking behavior. 
Figure 2a and the Change in Ego-Alter Effect Across Time
It is noteworthy that the association between ego and alter smoking behavior has gotten stronger over time from 1971 to 2003, and that this has occurred at each degree of separation --as if inter-personal smoking effects have risen across time. From exam 1 to exam 7, the risk increased from 9% (95% CI: 7%-12%) to 149% (95% CI: 117%-201%) for directly connected individuals (at one degree of separation). It also increased from 12% (95% CI: 10%-13%) to 41% (95% CI: 13%-69%) for people at two degrees of separation and from 4% (95% CI: 2%-6%) to 29% (95% CI: 9%-53%) for people at three degrees of separation. Since the overall incidence of smoking has been declining, this suggests the rise of a kind of polarization in the social network between smokers and nonsmokers over the 32 years under study. One possible explanation is that the dramatic rise in public health campaigns that seek to stigmatize smoking may have caused individuals who do not smoke or who have quit smoking to step up their efforts to get their friends and family to quit as well.
Replication of Figure 2a for Adjusted Smoking, High Education, and Low Education Groups
One concern about Figure 2a (in the manuscript) is that clustering is occurring purely because of homophily in socioeconomic factors which themselves are associated with smoking. We address this concern in two ways. First, we use a simple linear regression model of cigarettes smoked per day that includes age, education, and gender to generate adjusted smoking incidence controlling for these socioeconomic factors. We then choose a threshold in the adjusted values to create an incidence of smoking that matches the incidence in the observed data-individuals above the threshold of cigarettes per day are assigned a 1 (smokes) and all others 0 (does not smoke). We then re-create Figure 2a using the adjusted smoking values in the network to see if clustering remains after controlling for socioeconomic factors.
Second, we split the observed sample into individuals with at least some college and those with a high school diploma or less education. We then recreate Figure 2a for both the high education and low education group to see if clustering remains within the high education and low education groups. Figure S3 shows all three of these replicated analyses. They all resemble Figure 2a in the main text, suggesting that significant clustering extends to about three degrees of separation, even when we control for education and other socioeconomic factors.
Figure S3. Replications of Figure 2a Controlling for Socioeconomic Factors
Figures show mean effect of social proximity to an alter on the probability that ego smokes. Top panel shows results for adjusted smoking using a simple regression model that includes age, gender, and education. Lower left panel is based on observed smoking among high education participants (at least some college) and lower right panel is based on observed smoking behavior among low education participants (high school or less). Effects are derived by comparing the conditional probability of being a smoker in the observed network with an identical network (with topology preserved) in which the same number of persons who smoke are randomly distributed. Alter social distance refers to closest social distance between the alter and ego (alter = distance 1, alter's alter = distance 2, etc.). Within any given social distance, the effect of alter smoking behavior on ego's smoking behavior increases across the exams from 1971 to 2003. Error bars in all panels show 95% confidence intervals based on 1,000 simulations and exclude neighbor and co-worker ties.
Network Centrality
We measured how central a person was in the network in various ways. Measures of centrality in networks capture the extent to which a node connects, or lies between, other nodes, and hence its tendency to be positioned near the center of the network. Centrality is also taken as a marker of importance. Here, we use eigenvector centrality; [6] this measure assumes that the centrality of a given subject is an increasing function of the centralities of all the subjects to whom he or she is connected, and it requires the simultaneous estimation of the centrality of all subjects in the network; higher values correspond to individuals who are more connected to others and who occupy more central locations in the social network. Eigenvector centrality values are inherently relative: an individual connected to every other person in the network would have the maximum possible value, and a person not connected to anyone else would have a value of 0.
Eigenvector centrality assumes that the centrality of a given individual is an increasing function of the centralities of all the individuals to whom he or she is connected. While this is an intuitive way to think about which subjects might be better connected (and it lies at the heart of google.com's page rank system), it yields a practical problem: how do we simultaneously estimate the centrality of all subjects in the network?
Let a ij equal 1 if subjects i and j have a social connection and 0 if they do not. Furthermore, let x be a vector of centrality scores so that each subject's centrality j x is proportional to the sum of the centralities of the subjects to whom they are connected:
This yields n equations, which can be represented as
. The vector of centralities x can now be computed since it is an eigenvector of the eigenvalue λ. Although there are n nonzero solutions to this set of equations, in symmetric matrices the eigenvector corresponding to the principal eigenvalue is used because it maximizes the accuracy with which the associated eigenvector can reproduce the original social network. [7] In Figure S4 we replicate Figure 3b from the main text restricting the analysis to individuals who survived to the final exam. The similarity of these figures suggests that the premature death by some smokers at earlier exams does not drive the change in the relationship between centrality and smoking. In Figure S5 we also split the sample into a high education group (at least some college) and low education group (high school or less). The same general pattern occurs in each subsample, suggesting that differences in education are not responsible for the divergence in centrality between smokers and nonsmokers.
Figure S4. Replication of Figure 3b Restricted to Survivors
Note: in this figure we compared the centrality of smokers and nonsmokers among those who survived until exam 7. The similarity with Figure 3b in the main text suggests that attrition due to the heightened mortality of smokers and the consequent excess severing of ties to others cannot explain the increasing peripheralization of smokers over the course of the study (i.e., it is not as if smokers become more peripheralized because they are connected to other smokers who die, thus cutting them off from the network).
Figure S5. Replication of Figure 3b For High and Low Education subjects
Note: In this figure we compared the centrality of smokers and nonsmokers among those who had high school or less (left) and among those who had at least one year of college (right). The pattern of divergence is seen here too.
Does Smoking Influence Centrality or Does Centrality Influence Smoking?
We were curious whether smoking makes one less central, or being less central makes one more likely to smoke. To disaggregate these effects, we conducted two analyses. In the first, we regress current centrality on lagged centrality and current and lagged smoking status, plus covariates for age, gender, and education, and fixed effects for each exam. Centrality is a nonnegative measure so we use tobit regression. We also divide the sample into an early period (exams 2-4) and late period (exams 5-7) since Figure 3 suggests the relationship between centrality and smoking was only significant in later exams. Table S6 shows that in the late period, current smoking status is associated with a significant decline in centrality (p=0.048). In contrast, it was not significant in the early period (p=0.39). In other words, it appears that smoking was relatively acceptable up until about exam 4, but that, by exam 5, people started severing ties to or refusing to befriend smokers. Thus, another advantage to quitting smoking may be improved centrality and the positive health effects of enhanced social support.
In the second analysis, we regress current smoking status on lagged smoking status and current and lagged centrality, plus covariates for age, gender, and education, and fixed effects for each exam. We treat smoking as a dichotomous measure (> 0 cigarettes per day) so we use logit regression. Once again we divide the sample into an early period (exams 2-4) and late period (exams 5-7) since Figure 3 suggests the relationship between centrality and smoking was only significant in later exams. Table S7 shows that in neither the early period (p=0.98) nor the late period (p=0.38) was current centrality a significant predictor of smoking status. These analyses suggest that social isolation is not causing people to start or keep smoking. Results for a logit regression of smoking status on covariates shown in first column. Raw eigenvector centrality scores are multiplied by 10 6 to improve model presentation. There is only one observation per person per exam and Lagrange multiplier tests indicate errors are not serially correlated. The results show that centrality does not significantly influence whether or not a person smokes.
Logistic regression models described in the main text
The models in the tables below provide parameter estimates in the form of beta coefficients, whereas the results reported in the text and in Figures 3 and 4 of the paper are in the form of risk ratios, which are related to the exponentiated coefficients.
The key coefficients here are the effect of alter smoking at t+1. In some of the models in the tables below related specifically to friendship ties, the coefficient for alter smoking at t is negative. Given the fact that the models also control for alter smoking at t+1 and for ego smoking at t and t+1, this may be interpreted as a tendency for heterophily, or the tendency of egos to nominate or retain friends with alters who are not of the same smoking status as egos.
As shown in Table S10 , unlike the effect of education, discussed in the manuscript, gender played only a weak role. When the sample was restricted to same-sex friendships (87% of the total), an alter quitting was associated with a 34% decreased chance of an ego smoking by (95% CI: 7%-54%). Among same-sex friends, a man quitting was associated with a 39% (95% CI: 4%-63%) decreased chance of his friend smoking, while female-to-female spread was not statistically significant (p=0.31). Spread between opposite-sex friends also was not significant.
The other regression coefficients have mostly the expected effects, such that, for example, less educated individuals are more likely to smoke. As indicated, the models include wave fixed effects, which, combined with age at baseline, account for the aging of the population over the 32 years. We estimated these models on the ego/alter pair types described. We also estimated models that treated the pair type as a factor variable that was interacted with the smoking variables; these models did not yield substantively different results.
The sample size, N, shown in the tables reflects the total number of all such ties, with multiple observations for each tie if it was observed in more than one wave, and allowing for the possibility that a given person can have multiple ties. Hence, for example, there are 21,097 observations of ego-alter sibling ties across all seven waves in the network. Coefficients and standard errors in parenthesis for logistic regression of ego smoking (1=smokes, 0=doesn't smoke) on covariates shown in first column. Observations for each model are restricted by type of relationship (e.g., the leftmost model includes only observations in which the ego named the alter as a "friend" in the previous and current period). Models were estimated using a generalized estimating equation with clustering on the ego and an independent working covariance structure. [8, 9] Models with an exchangeable correlation structure yielded poorer fit. Fit statistics show sum of squared deviance between predicted and observed values for the model and a null model with no covariates.
[10] Coefficients and standard errors in parenthesis for logistic regression of ego smoking (1=smokes, 0=doesn't smoke) on covariates shown in first column. Observations for each model are restricted to coworker relationships in firms with a given number of FHS participants (e.g., the leftmost model includes only observations in which the ego and alter are the only two FHS participants in their workplace). Models were estimated using a generalized estimating equation with clustering on the ego and an independent working covariance structure. Coefficients and standard errors in parenthesis for logistic regression of ego smoking (1=smokes, 0=doesn't smoke) on covariates shown in first column. Observations for each model are restricted by type of relationship (e.g., the leftmost model includes only observations in which the ego named the alter as a "friend" in the previous and current period). Models were estimated using a generalized estimating equation with clustering on the ego and an independent working covariance structure. [8, 9] Models with an exchangeable correlation structure yielded poorer fit. Fit statistics show sum of squared deviance between predicted and observed values for the model and a null model with no covariates.
[10] Coefficients and standard errors in parenthesis for logistic regression of ego smoking (1=smokes, 0=does not smoke) on covariates shown in first column. Observations for each model are restricted by type of relationship (e.g., the leftmost model includes only observations in which the ego named the alter as a "friend" in the previous and current period and both are males). Models were estimated using a generalized estimating equation with clustering on the ego and independent working covariance structure. [8, 9] Models with an exchangeable correlation structure yielded poorer fit. Fit statistics show sum of squared deviance between predicted and observed values for the model and a null model with no covariates. [10] Coefficients and standard errors in parenthesis for logistic regression of ego smoking (1=smokes, 0=does not smoke) on covariates shown in first column. Observations for each model are restricted by type of relationship (e.g., the leftmost model includes only observations in which the ego named the alter as a "friend" in the previous and current period and both have at least some education beyond high school). Models were estimated using a generalized estimating equation with clustering on the ego and independent working covariance structure. [8, 9] Models with an exchangeable correlation structure yielded poorer fit. Fit statistics show sum of squared deviance between predicted and observed values for the model and a null model with no covariates. [10] Logistic regression of ego smoking behavior (1=smokes, 0=does not smoke) on covariates shown in first column. Coefficients, standard errors, and a Wald test for significance are shown. Models estimated using a generalized estimating equation with clustering on the ego and independent covariance structure. [8, 9] Models with an exchangeable correlation structure yielded poorer fit. Fit statistics show sum of squared deviance between predicted and observed values for the model and a null model with no covariates.
[10]
Effect of Other Covariates on the Models
A number of studies have suggested the importance of well-connected nodes in networks for spreading processes. [11] We thus explored the effect of ego's degree on smoking. If well-connected individuals tend to be smokers (or not), it might affect our results since these individuals by definition affect the dyadic observations of a large number of individuals. We tried adding the number of friendship and family ties for both ego and alter to the statistical models, both alone and as an interaction term with alter's smoking in the current period. Ego's inward friend nominations is significantly associated with reduced likelihood of smoking, but this does not eliminate the significance of a friend's smoking behavior in the model. We include several friend, family, and alter covariates in the full model of ego/friend ties in Table S14 for illustration.
In Table S15 we include geographic distance between friend and sibling households in the model, but this does not eliminate the significance of a friend's or sibling's smoking behavior in the model.
Finally, we address the possibility that the relationship between friends or siblings occurs because they work in similar environments with similar rates of smoking. In Table S16 we include a covariate that indicates the fraction of FHS participants at a subject's workplace who smoke. Although this variable is a significant predictor of ego smoking, it does not eliminate the significance of a friend's or sibling's smoking behavior in the model. Logistic regression of ego smoking behavior (1=smokes, 0=does not smoke) on covariates shown in first column. Coefficients, standard errors, and results of a Wald test for significance are shown. Observations for this model are restricted to friends named by egos. Models were estimated using a generalized estimating equation with clustering on the ego and independent covariance structure. [8, 9] Models with an exchangeable correlation structure yielded poorer fit. Models with the natural logarithm of miles did not yield substantively different results. Fit statistics show sum of squared deviance between predicted and observed values for the model and a null model with no covariates.
[10] 
Additional Sensitivity Analyses
We explored the sensitivity of our results to model specification by conducting numerous other analyses (not shown here) each of which had various strengths and limitations, but none of which yielded substantially different results than those presented here. We specified models in which we lagged the alter's smoking status by more than one period. We modeled how changes in the alter's smoking status between two periods affected ego's smoking status in the subsequent period. Although we identified only a single friend for most of the egos, we studied how multiple observations on some egos affected the standard errors of our models. Huber-White sandwich estimates with clustering on the egos yielded very similar standard errors. And we specified models that included a fixed effect for each ego (which drops all observations of egos with a single friend since they have no variation), thus controlling for all time-invariant attributes of the egos, such as their genes.
Measures of Occupational Prestige
The Framingham dataset does not itself contain any occupational information. However, we were able to construct a measure of occupational prestige by using occupation data obtained from tracking records used by the study administrators but not previously used for research, and also data obtained from public records in Framingham and adjoining towns (as part of New England town Censuses).
This data was then coded using the International Standard Classification of Occupations (ISCO-88). Occupations coded in this way can be easily recoded into various other scales using freely available software. [12] Individuals were assumed to keep their occupation from the date recorded at a particular wave until the next change. Where waves were missing, the previous code was entered if the occupation was measured again at a later date.
Unfortunately, it was not possible to code occupations for all subjects at all waves. Table  S17 gives the rates of available information. A total of 80% of the people have occupational prestige scores available for at least one wave. Once occupations have been assigned ISCO-88 codes, the occupations can then be mapped to occupational prestige scores using a variety of extant methods. Here, occupational prestige is coded as a Treiman score, which places occupations in an ordered scale based on public perceptions of their prestige. The scale runs hierarchically from 13 to 78. [13] A difficulty with this is the assignment of prestige to married women. One possibility is to assign married women who are not listed with their own occupation the prestige scores of their husbands (a not unreasonable assumption give the time, date, and place of the Framingham Offspring Cohort). Another option is to assign married women only the prestige of their own occupation and to code them as missing if "unemployed." The models in Table S18 show that neither approach yields a significant relationship between occupational prestige and smoking behavior. This is because occupational prestige correlates strongly with education (ρ=0.51), which appears to be a superior proxy for socioeconomic status and its influence on smoking behavior. 
Models That Use Different Cigarette Cut-Points for Smoking
In all analyses except for the ones we describe below, we use a cut-point of 1 or more cigarettes per day to define who smokes and who does not. Since it is possible that casual smoking spreads more easily in social networks than moderate or heavy smoking, we also analyze two other cutpoints at 5 or more cigarettes per day (moderate smoking) and 20 or more per day (heavy smoking).
As in the main text, we calculate the effect of alter smoking at least moderately on the probability ego smokes at least moderately based on the regressions in Table S19 . These results show that the association between alter and ego moderate smoking remains significant for friends (31%, C.I. 2%,53%), spouses (66%, C.I. 57%,73%), and siblings (37% C.I. 27%,46%). However, it ceases to be significant for coworkers (30%, C.I. -8%,56%) and remains insignificant for immediate neighbors (42%, C.I. -13%,74%). We interpret this to mean that coworkers do not influence moderate smoking as much as they do casual smoking behavior.
We also calculate the effect of alter smoking heavily on the probability ego smokes heavily based on the regressions in Table S20 . These results show that the association between alter and ego heavy smoking remains significant for spouses (58%, C.I. 46%,68%), and siblings (36% C.I. 24%,47%). However, it ceases to be significant for friends (5%, C.I. -40%,39%) and coworkers (9%, C.I. -53%,49%) and remains insignificant for immediate neighbors (10%, C.I. -59%,75%). Thus, it appears that neither friends nor coworkers influence heavy smoking as much as they do casual smoking. Coefficients and standard errors in parenthesis for logistic regression of ego smoking (1=smokes 5 or more cigarettes per day, 0= smokes less than 5 cigarettes per day) on covariates shown in first column. Observations for each model are restricted by type of relationship (e.g., the leftmost model includes only observations in which the ego named the alter as a "friend" in the previous and current period). Models were estimated using a generalized estimating equation with clustering on the ego and an independent working covariance structure. [8, 9] Models with an exchangeable correlation structure yielded poorer fit. Fit statistics show sum of squared deviance between predicted and observed values for the model and a null model with no covariates. [10] Coefficients and standard errors in parenthesis for logistic regression of ego smoking (1=smokes 5 or more cigarettes per day, 0= smokes less than 5 cigarettes per day) on covariates shown in first column. Observations for each model are restricted by type of relationship (e.g., the leftmost model includes only observations in which the ego named the alter as a "friend" in the previous and current period). Models were estimated using a generalized estimating equation with clustering on the ego and an independent working covariance structure. [8, 9] Models with an exchangeable correlation structure yielded poorer fit. Fit statistics show sum of squared deviance between predicted and observed values for the model and a null model with no covariates.
Patterns of Smoking Among Spouses, Siblings, and Friends
In Table S21 we present a breakdown of smoking behavior among spouses, siblings, and friends, categorizing it by convergent behavior (both smoke or both abstain) and divergent behavior (one smokes and one abstains). The largest categories by far are those where behavior persists unchanged in either ego or alter. For example, among spouses behavior persists in 9,318 observations. Where at least one spouse changed, convergent behavior accounts for about 69% (1,539 of 2,235) of the remaining observations. Similarly, among siblings convergent behavior accounts for 62% (2,925 of 4,689) and among friends it accounts for 65% (628 of 965) of the remaining observations.
Supplementary Movie
A movie generated with SoNIA [14] showing the appearance and disappearance of ties among the nodes that form the largest connected subcomponent of the FHS Network is available separately --downloadable at http://jhfowler.ucsd.edu/fsn_smoke.mov. The movie documents the longitudinal change in both network topology and in attributes of the constituent individuals (i.e., whether or not they smoke). Only non-genetic ties are shown in this movie (i.e., friends and spouses). The movie also indicates when and to what extent the individuals (the nodes) start and stop smoking. Births and death (indicated by the appearance and disappearance of nodes) and the ties that arise or disappear as a result are shown with daily follow-up and precision; ties that arise for other reasons (e.g., friendships, marriages) are noted on the date they are observed as noted on exam waves. Smoking behavior is also captured on the date of examination. Ties to immediate neighbors are not shown in this rendition. Node border indicates gender (red=female, blue=male) and arrow color denotes relation (purple=friend, green=spouse). Node color indicates smoking behavior (white=nonsmoker, gray=smoker), with darker shades indicating more cigarettes consumed per day. The date, in years, is shown in the upper left hand corner as time progresses. Determination of which nodes are in the largest connected subcomponent was based on ties observed over all seven exams, and their initial positions were determined by Kamada-Kawai [15] projection of this subcomponent.
